ABSTRACT Background: Metabolomics is an emerging field with the potential to advance nutritional epidemiology; however, it has not yet been applied to large cohort studies. Objectives: Our first aim was to identify metabolites that are biomarkers of usual dietary intake. Second, among serum metabolites correlated with diet, we evaluated metabolite reproducibility and required sample sizes to determine the potential for metabolomics in epidemiologic studies. Design: Baseline serum from 502 participants in the Prostate, Lung, Colorectal, and Ovarian (PLCO) Cancer Screening Trial was analyzed by using ultra-high-performance liquid-phase chromatography with tandem mass spectrometry and gas chromatography-mass spectrometry. Usual intakes of 36 dietary groups were estimated by using a food-frequency questionnaire. Dietary biomarkers were identified by using partial Pearson's correlations with Bonferroni correction for multiple comparisons. Intraclass correlation coefficients (ICCs) between samples collected 1 y apart in a subset of 30 individuals were calculated to evaluate intraindividual metabolite variability. Results: We detected 412 known metabolites. Citrus, green vegetables, red meat, shellfish, fish, peanuts, rice, butter, coffee, beer, liquor, total alcohol, and multivitamins were each correlated with at least one metabolite (P , 1.093 3 10
INTRODUCTION
Diet is a modifiable risk factor for chronic disease; however, epidemiologic studies do not consistently support associations between specific foods or nutrients and disease endpoints. Most epidemiologic studies rely on self-reported dietary assessment methods that are subject to recall bias and measurement error (1) (2) (3) . There is a pressing need for dietary biomarkers to better capture exposure; however, few have been identified to date (4) .
Metabolomics, the measurement of small molecules in biofluids, may more precisely define dietary exposures and thus provide better estimates of disease risk in epidemiologic studies. Metabolomics accounts for variability in metabolism, because of lifestyle or genetics for example, by measuring downstream components or metabolic products of foods; therefore, metabolites may better reflect "true exposure." Metabolites may also capture exposure to nonnutritive substances, such as pesticides and compounds generated by cooking (5) , which may play important roles in disease etiology.
Untargeted metabolomics in small dietary intervention and cohort studies has identified some novel potential dietary biomarkers (6) . Although recent studies have shown that metabolomics can be successfully applied to dietary research (7) , most studies (8) (9) (10) were small dietary interventions. Traditionally, dietary biomarkers have been identified and validated in feeding studies, but markers thus identified may not perform well as proxies for usual food intake-the exposure considered to be most etiologically relevant-in a population study. If the biomarker has a short half-life or if the food of interest is consumed only infrequently levels detected at the time of actual biospecimen collection may not proxy usual intake. A recent citrus feeding study, for example, identified .600 ions associated with acute citrus consumption; however, only 12 ions were associated with usual dietary citrus consumption in a free-living population (10) . A recent metabolomics study determined that groups of serum metabolites are associated with patterns of dietary intake, although the authors only investigated 127 metabolites which were limited to acylcarnitines and choline-containing phospholipids (11) . An agnostic approach that measures hundreds of metabolites has the benefit of identifying novel findings that may not have been previously considered.
With the use of biospecimens and data collected from participants in the Prostate, Lung, Colorectal, and Ovarian (PLCO) 4 Cancer Screening Trial, our objectives were as follows: 1) to identify serum metabolites that are correlated with self-reported dietary intake and 2) to determine whether metabolomics is a promising and feasible tool to identify associations in nutritional epidemiology by determining metabolite reproducibility and required sample sizes for epidemiologic studies.
SUBJECTS AND METHODS

Study population
The PLCO Cancer Screening Trial is a multicenter randomized screening trial that randomly assigned .150,000 US men and women between 1993 and 2001 to a screening or control arm (12) . Eligibility requirements included age 55-74 y at baseline and no previous history of prostate, lung, colorectal, or ovarian cancer. Demographic and lifestyle characteristics were assessed at baseline by a self-administered questionnaire.
We used metabolomics data from a nested case-control study within PLCO, the details of which are briefly presented here. Within the screening arm of the trial, individuals with the following characteristics were excluded: self-reported history of cancer at baseline (except for basal cell skin cancer) (n = 4924); ,6 mo of follow-up (n = 168 additional individuals); rare cancer during follow-up (n = additional 1074 individuals); self-reported Crohn disease, ulcerative colitis, familial polyposis, Gardner syndrome, or colorectal polyps (n = additional 6429 individuals); or no baseline serum sample (n = additional 2866 individuals). Among remaining participants, those who completed baseline dietary and risk factor questionnaires and consented for biospecimen use (n = 52,705) were eligible for metabolomics assays; of these, 255 incident colorectal cancer cases (diagnosed at least 6 mo after baseline) and 254 matched controls were incidence-density sampled and matched according to age, sex, race, randomization year, and season of blood draw. Controls were alive and cancerfree at time of cancer diagnosis for the matched cases. Seven participants were excluded from analyses because of incomplete ($8 missing responses; n = 5) and/or inaccurate (extreme caloric consumption; n = 3) dietary data from a food-frequency questionnaire (FFQ), resulting in a final sample size of 502 individuals. The PLCO trial was approved by the institutional review boards of the US National Cancer Institute and the 10 screening centers, and all participants provided informed consent. All participants (n = 502) contributed baseline serum samples; in addition, serum collected 1 y after baseline was also measured in 30 controls to calculate within-individual variability.
Dietary assessment
In the screening arm of the trial, usual dietary intake was assessed at baseline by using the National Cancer Institute's selfadministered and validated 137-item FFQ (http://www3.cancer. gov/prevention/plco), which captured information on typical frequency of intake during the past year (13) . Food items of unspecified content (eg, lasagna) were excluded from analyses, because correlations for unknown foods were considered uninformative for these purposes. Data on single-nutrient dietary supplements were excluded given that we were primarily interested in food sources of metabolites; however, we considered multivitamin use (yes or no) in our analyses. Thus, in total, 111 items of interest comprising food, beverage, and multivitamin/supplement intakes were considered in this study; analyses focused on 36 dietary groups constructed by combining food items with similar properties. These 36 categories were based primarily on the USDA's MyPlate classification, but categories were further divided according to biological components of foods (14) . Dietary intake from the FFQ was converted to grams per day by multiplying selfreported frequency of intake by portion size; portion sizes were assigned a gram amount on the basis of national dietary data from the USDA (1994) (1995) (1996) Continuing Survey of Food Intakes by Individuals) for each sex (15) . For items for which serving size was not queried on the FFQ (eg, fruits and vegetables), an average ("medium") portion size was assigned. Hereafter, dietary intake refers to grams per day unless otherwise specified.
Diet quality was assessed by using the Healthy Eating Index (HEI) 2010 (16) , which contains 12 components that capture an individual's compliance to the key 2010 Dietary Guidelines for Americans (17); 9 HEI components focus on the adequacy of the diet (eg, higher intakes of fruit, vegetables, greens, whole grains, dairy, total protein, seafood and plant protein, and fatty acids) and 3 focus on moderation (eg, lower consumption of refined grains, sodium, and empty calories) (16) . We calculated HEI scores for each individual on the basis of his or her self-reported diet and according to established methods (16) ; possible scores range from 0 to 100, with higher scores indicating higher diet quality.
Metabolite assessment
Serum metabolites (w,1000 Da) were assayed from baseline serum samples by Metabolon Inc, whose platform and procedures have been previously described (18, 19) . Briefly, ultrahigh-performance liquid chromatography-mass spectrometry and tandem mass spectrometry, in addition to gas chromatography coupled with mass spectrometry, were used to identify peaks. Mass spectral peaks, retention times, and m/z were determined by using a chemical reference library generated from 2500 standards, and these values were used to determine the identity of individual metabolites as well as their relative quantities.
One batch of 30 samples was analyzed each day, and batch and position within a batch were randomly assigned. Matched cases and controls were arranged as consecutive samples within a batch and the order of case compared with control was counterbalanced within each batch. Replicate aliquots from a separate source of pooled serum were randomly inserted into each batch at a level of 10% and served as blinded quality-control samples. In addition, a standard sample was inserted by Metabolon every sixth sample.
Although our case-control pairs were randomly assigned to their batch, metabolite values were batch normalized by dividing each individual metabolite value by the batch mean (of nonmissing values) to account for small day-to-day drifts in chromatogram performance. Metabolites were log-transformed (natural log), values below the detection threshold were set to the minimum observed value, and the distribution was centered; hereafter, metabolite level refers to these transformed values. Metabolites whose levels were below the detectable limit for .95% of study participants were excluded from analyses.
Statistical analysis
Demographic characteristics and dietary intakes for cases and controls were compared by using 2-sided statistical tests (chisquare test for categorical variables, Wilcoxon rank-sum test for continuous variables). Correlations between diet and metabolites were investigated through partial Pearson's correlations adjusted for age, sex, smoking status (current smokers compared with former/never smokers), and total energy intake (kcal/d). HEI correlations were additionally adjusted for recent (now or within the past 2 y) supplement use (multivitamin or single-nutrient supplement). To account for multiple comparisons, we used Bonferroni correction of the P values by the number of metabolites measured. Metabolite correlations with dietary groups were adjusted at 0.05/(number of known metabolites investigated 3 number of food items), and correlations with HEI score were adjusted at 0.05/number of known metabolites. Moreover, we estimated the total number of metabolites associated with each dietary group at given false discovery rates (FDRs) (20) , given that Bonferroni correction could be overly conservative (21) . Finally, we estimated the correlation between each food item and an optimized linear combination of metabolite levels. The coefficients for the linear combination were chosen by applying Lasso (22) regression to cross-validation training sets (penalty chosen by 10-fold cross-validation within the training set), and the correlation was based on comparing the resulting predicted values to the observed values in the cross-validation test sets. The final estimates, an average of the estimated correlations across all test sets, are therefore unbiased. The SE of the estimated correlation was calculated by using the "approximating r" method developed by Nadeau and Bengio (23) .
We investigated the influence of self-reported frequency of intake and portion size on metabolite levels by creating box plots. Congruence between metabolite levels and dietary intake was assessed by Spearman rank correlations and k statistics.
We conducted stratified analyses by sex, age, geographic location of study center, disease status, stage of colorectal cancer, and length of follow-up at time of colorectal cancer diagnosis. We used serum samples collected 1 y after baseline from 30 individuals to calculate intraclass correlation coefficients (ICCs), a measure of within-individual variability. The pooled quality-control serum samples were used to calculate intraassay CVs, which were averaged over all individuals to determine technical reproducibility by the laboratory. Analyses used SAS software, version 9.1.3 (SAS Institute), with the exception of the FDR plots, which used R (R Project, version 2.15.2) (24).
Variance components
We decomposed the total variance, s 2 T , of each metabolite into 3 different components: the between-subject variance, s 2 B , which was also considered the variance of the "usual" level in a population; the within-subject variance, s 2 W , which reflected the 1-y variability around the "usual" level within an individual; the technical variance or laboratory reproducibility, s 2 E , which was the expected variance from 2 identical samples:
We defined the ICC as follows:
For each metabolite, variance components and corresponding ICCs were estimated from a mixed model.
Estimating sample size needed in future studies
Our second objective was to estimate the number of individuals needed for a 1:1 case:control study to have a power of 0.8 to detect an association between each metabolite and a disease, accounting for s 2 W and s 2 E and the testing of multiple metabolites. We focused on the metabolites that are most significantly associated with each dietary group. We defined the effect size for a given metabolite to be the RR of disease for an individual in the top quartile of the usual metabolite levels, as compared with the bottom quartile. We assumed that studies will use a t test, with the appropriate Bonferroni-corrected significance threshold, to test for an association between the disease and each metabolite. We then estimated the total number of individuals needed to detect a metabolite with a power of 0.8, given the within-individual variability and assumed effect size. Further details can be found elsewhere (25) and in the Supplemental Appendix under "Supplemental data" in the online issue.
RESULTS
Baseline demographic characteristics of the 502 participants are shown in Table 1 . Mean age was 64 y, and the sample was largely white. The sample included primarily former (48%) or never (44%) smokers. Demographic characteristics were similar for cases and controls (Supplemental Table 1 under "Supplemental data" in the online issue). There were no differences in most characteristics; although there was a significant difference in BMI (P = 0.018), the magnitude of difference in mean (6SD) BMI (in kg/m 2 ; 28 6 5 compared with 27 6 4) was modest. Selfreported usual dietary intake, estimated from the FFQ, is shown in Table 2 . There was no difference in self-reported dietary intake between cases and controls (Supplemental Table 2 under "Supplemental data" in the online issue). Given these similarities and because disease was not a primary interest of this study, we combined cases and controls in all subsequent analyses.
Identification of biomarkers of diet
We detected 412 metabolites of known identity and 231 metabolites of unknown identity (26) (27) (28) . An additional 14 known metabolites were excluded from analyses because of nondetectable levels in .95% of individuals. Among the 643 metabolites analyzed, the median percentage of individuals with nondetectable levels was 4%. Correlations between all 36 dietary groups and known metabolites are shown in Table 3 ; all significant correlations are shown, as well as the strongest, albeit nonsignificant, correlations for dietary groups with no significant findings. We identified 39 correlations between dietary groups and known metabolites that were significant at the Bonferroni-corrected level of P , 1.093 3 10 26 [P = 0.05/(111 foods 3 412 identified metabolites)]; these correlations represented 13 dietary groups including citrus, green vegetables, red meat, fish, shellfish, butter, peanuts, rice, coffee, beer, liquor, total alcohol, and multivitamins (Table 3) . Most of the findings were for exogenous metabolites derived from their food sources.
Our strongest findings-those with a P , 1 3 10
210
-were for multivitamins, citrus, fish, peanuts, coffee, and alcohol (Table  3) . Multivitamins were correlated with serum vitamin E (positive correlation with a-tocopherol and a corresponding negative correlation with g-tocopherol) and 2 vitamin B metabolites (pyridoxate and pantothenate). Citrus fruit were correlated with stachydrine (r = 0.398), chiro-inositol (r = 0.301), scyllo-inositol (r = 0.298), and N-methyl proline (r = 0.298). Fish was positively correlated with 3-carboxy-4-methyl-5-propyl-2-furanpropanoic acid (r = 0.322) and moderately correlated with DHA (r = 0.260) and EPA (r = 0.244), 2 omega-3 fatty acids present in fish oils. In addition to correlations with fish, DHA was also correlated with rice consumption (r = 0.270) and 3-carboxy-4-methyl-5-propyl-2-furanpropanoic acid was correlated with green vegetable (r = 0.222) and shellfish (r = 0.238) consumption. Even food groups typically consumed in low quantities had significant associations with metabolites: for example, peanuts were associated with 2 metabolites, tryptophan betaine (r = 0.352) and 4-vinylphenol sulfate (r = 0.279). For those metabolites associated with particular food groups, the median metabolite levels increased as the self-reported frequency of intake and serving size increased (Supplemental Figure 1 under "Supplemental data" in the online issue). There was reasonable congruence between quartile of metabolite levels and quartile of dietary intake for the main associations we observed (Supplemental Table 3 under "Supplemental data" in the online issue). Many beverages, including coffee, beer, liquor, and total alcohol, each had at least one significant metabolite biomarker, with much stronger correlations among liquor and total alcohol compared with beer (Table 3) . Interestingly, although the metabolites associated with beer and liquor (16-hydroxypalmitate and ethyl glucuronide, respectively) were also associated with total alcohol intake, total alcohol (combining beer, wine, and liquor) had many significant correlations, some of which are involved in lipid pathways, which were not significant for the individual components. Coffee had very strong correlations with trigonelline N#-methylnicotinate (r = 0.424), quinate (r = 0.372), 1-methylxanthine (r = 0.299), and paraxanthine (r = 0.270), with an additional 2 moderate correlations with N-2-furoyl-glycine (r = 0.264) and catechol sulfate (r = 0.232).
We attempted to create better predictors of the questionnairebased measures by combining information across multiple metabolites. For most food items, the correlation between the food item and the multimetabolite prediction score was of similar magnitude to the correlation between that food item and the most strongly associated metabolite (Supplemental Table 4 under "Supplemental data" in the online issue). However, there was a noted improvement when using the predictive score for butter [r = 0.34 for the multimetabolite score; max(r) = 0.26 for a single metabolite], beer (0.31 compared with 0.22), and red meat (0.37 compared with 0.22).
We also analyzed the metabolites that we were unable to name. Twenty-four unidentified metabolites were significantly correlated with dietary groups (Supplemental Table 5 under "Supplemental data" in the online issue; with correlations ranging from 20.23 to 0.39); all food groups correlated with unknown metabolites were also significantly correlated with identified metabolites. In more detailed analyses, we also examined correlations between metabolites and the 111 individual food items that formed the dietary groups in the main analyses; results did not appreciably differ from the results for food groups (data not shown). In stratified analyses, the diet-metabolite correlations were consistent across sex (Supplemental Table 6 under "Supplemental data" in the online issue), age (Supplemental Table 6 under "Supplemental data" in the online issue), and geographical location of the study center (Supplemental Table 7 under "Supplemental data" in the online issue).
In sensitivity analyses in colorectal cancer cases and controls separately, the main correlations we observed between metabolites and dietary groups did not differ by disease status (Supplemental Table 8 under "Supplemental data" in the online issue). Overall, the direction and magnitude of diet-metabolite correlations did not differ appreciably by stage of colorectal cancer (Supplemental Table 9 under "Supplemental data" in the online issue) or length of follow-up time at colorectal cancer diagnosis (Supplemental Table 9 under "Supplemental data" in the online issue). In particular, associations between metabolites and citrus, coffee, and alcohol were robust in all sensitivity analyses.
Investigating dietary exposures by an overall index, we found that the median total HEI score was 53 (range: 30-87, out of possible 100 with a higher score indicating better diet quality) ( Table 1 ). There were 5 significant metabolite correlations at the Bonferroni-corrected level of P , 1.214 3 10 24 (P = 0.05/412 identified metabolites) ( Table 4) , including a negative correlation with g-tocopherol. Overall, correlations unadjusted for supplement use were similar to adjusted results but generally stronger, and 15 of the top 20 metabolite correlations remained among the strongest correlations regardless of adjustment (data not shown). Many of the correlations associated with HEI score represented vitamins, including vitamin E and constituents or metabolites of vitamins B (pantothenate, pyridoxate) and C (threonate). 
Implications for future study design
Although only 39 metabolites were conclusively determined to be associated with diet, there was clear evidence that a much larger percentage was correlated with usual dietary intake. The total number of metabolites associated with each food group at various FDR thresholds is shown in Figure 1 . Approximately 130 metabolites associated with total alcohol consumption met the FDR threshold of 0.20, and w85 of these met the 0.05 threshold (Figure 1) . Beer also had a large number of metabolite correlations, and liquor and coffee were correlated with .20 metabolites at the FDR threshold of 0.05.
The use of multiple samples from 30 individuals collected 1 y apart provided important information about the within-individual variability of metabolites (Table 5) ; the 1-y ICCs were variable but reasonable, with a range of 0.27-0.89. The median intraassay CV, calculated by using replicate samples from a separate source of pooled serum, was 0.10 (IQR: 0.04-0.21).
To inform future study design, we used our data to determine the sample size that would be necessary to detect an association between metabolites and disease, which was measured as an RR. Considering dietary groups that had significant correlations with metabolites (Table 3) , we then determined the sample size needed to have 80% power to detect an association in a 1:1 case-control study. For a large effect (RR = 3.0), sample sizes of w200-400 would be sufficient for most metabolites, whereas smaller effects (RR = 1.5) can only be detected in larger samples of w1100-3000 (Table 5) . As expected, the number of individuals needed is smaller for metabolites with lower within-subject variability, and when possible, we should collect multiple biological specimens per subject to obtain a better estimate of usual metabolite levels. For example, to determine an association between the main citrus metabolite, stachydrine, and a health outcome and assuming an RR of 1.5, one would need a sample size of 2813 individuals; with a second specimen, the required sample size is reduced to 1898. Higher RRs can be detected with smaller samples; for stachydrine and an RR of 3.0, 398 individuals would be required with one specimen compared with 269 individuals with 2 specimens.
DISCUSSION
With the use of strict correction for multiple comparisons, the application of metabolomics to an epidemiologic data set detected 39 metabolites of known identity that were correlated with a total of 13 dietary groups. Metabolite levels were reproducible and stable over a year, indicating that metabolomics can be informative for nutritional epidemiologic studies. Moreover, the sample sizes needed to design an adequately powered study of metabolites and disease risk are realistically attainable.
Identification of biomarkers of diet
Our data replicated and validated findings from previous targeted biomarker studies, which supports the specificity and validity of our study. For example, previous studies also found correlations between citrus and stachydrine (29) , which has been Many more metabolites are statistically associated with food groups by using the less conservative FDR method, as opposed to the Bonferroni method, for multiple testing correction. Only food groups with significant Bonferroni-corrected correlations are included. Each food group shown has at least one significant metabolite at an FDR of 0.01, and many more metabolites are found as the stringency of the FDR threshold is relaxed. FDR, false discovery rate.
identified as a biomarker of citrus in feeding studies (30) and urine metabolomics studies (10, 31) . Scyllo-and chiro-inositol, also correlated with citrus intake in our study, have been previously associated with orange and citrus juice consumption (32) . With regard to alcohol intake, several of the correlations we observed were lipid metabolites, which have previously been shown to contribute to an overall metabolomic profile of alcohol consumers (33) . Some of the strongest associations we observed were for coffee components or downstream metabolites of these components (34, 35) . Interestingly, we detected some correlations that may reflect co-consumption of other food items: for example, the association between DHA and rice, which may actually reflect co-consumption of rice with fish; DHA is an omega-3 fatty acid in fish oil and the correlations are of comparable strength.
In addition to identifying associations that have previously been reported in targeted biomarker studies, we identified many novel serum metabolite and diet correlations. The serum metabolites 4-vinylphenol sulfate and tryptophan betaine both reflected peanut consumption. The association of 4-vinylphenol sulfate, a xenobiotic involved in benzoate metabolism, with peanut consumption is plausible because it has previously been identified as a component in roasted peanuts (36) . Tryptophan betaine, also known as hypaphorine, is an indole alkaloid that has been previously detected in legumes (37) (38) (39) . A small study in breastfeeding mothers reported its presence in breast milk and also an association with peanut consumption (40) . Moreover, many unnamed metabolites identified herein were also correlated with diet and therefore may be novel biomarkers; however, all food groups that were significantly correlated with unnamed metabolites were also correlated with identified metabolites.
Scoring higher on the HEI was negatively correlated with g-tocopherol levels, which is consistent with the fact that gtocopherol is a major component of fried foods. Furthermore, a higher HEI score was positively associated with a-tocopherol, which is mainly found in healthier foods such as nuts, seeds, vegetable oils, and leafy greens. Even after adjustment for multivitamin/supplement use, most of the correlations with HEI were for vitamins or their constituents or metabolites, suggesting that these correlations are biologically plausible.
Our agnostic approach allowed the identification of novel associations and overcame the main challenges of traditional biomarker development, which typically necessitates the determination of biomarker kinetics, laboratory variability in measurement, and the capability of the biomarker signal to surpass laboratory error. By design, we identified biomarkers whose signals surpass this threshold. Further studies are needed to confirm the robust nature of our study design and the correlations we identified.
Implications for future studies
Our study used the Bonferroni method to correct for multiple comparisons, which reduces the probability of falsely identifying significant findings. Despite using this strict correction method, 1 Total sample size, assuming 1:1 matching on case-control status. The metabolite with the strongest significant correlation was selected for each dietary group. Exceptions are for greens, shellfish, rice, and total alcohol because of the strongest metabolite correlation being shared in common (greens and shellfish both had CMPF as the most strongly correlated metabolite, which is already shown for fish; the most strongly correlated metabolite for total alcohol is ethyl glucuronide, which is already shown for liquor) and correlations that may reflect other foods (rice and DHA). Correlations were positive unless otherwise indicated; 80% power, P = 0.05. CMPF, 3-carboxy-4-methyl-5-propyl-2-furanpropanoic acid (CMPF is also the top metabolite for green vegetables and shellfish); ICC, intraclass correlation coefficient.
2 Top metabolite for partial Pearson correlation between dietary groups and metabolites; the lowest P value is the top metabolite.
3 One-year ICC is a measure of the similarity between 2 specimens from the same individual with dates of blood collection separated by 1 y; n = 30 participants.
4 RR compares risk for the fourth compared with the first quartile; true RR is measurement error corrected. 5 Negative correlation between dietary group and metabolite. multiple significant associations between serum metabolites and dietary variables were detected in our study. If we are willing to accept a higher error rate (FDR = 0.05), we would detect 1396 associations between metabolites and self-reported dietary variables (data not shown). Therefore, it is likely that there are many more true associations, but we lack the study power to detect them. The number of correlations by FDR cutoff, which are shown in Figure 1 , provides a glimpse into the number of associations to be found with each food group. We explored the variability in selected metabolites and the effect this may have on statistical power for planning future epidemiologic studies. The collection of multiple specimens per person would provide more precise measurements of the usual metabolite profile. In considering the use of metabolites in studies of disease, it is noted that large sample sizes are required, even among the metabolites most highly correlated with diet. Samples of this size, however, are attainable in epidemiologic cohorts. The reproducibility and relative stability of biomarker peak intensities, as assessed by the strong ICCs we observed, support the feasibility of applying metabolomics to epidemiologic data sets.
This study has many strengths, including the large sample size, richness of the dietary data, and large number of metabolites detected. Metabolomics analyses are an efficient use of biological samples, compared with candidate metabolite assays, when biospecimens are limited in large prospective studies. Biomarkers with correlations that cross our strict statistical significance threshold are, by their very nature, robust given that the signal is strong enough to be detected.
The main limitation of our study is that we compared a single serum sample with self-reported diet, and dietary questionnaires are known to result in substantial measurement error. However, measurement error in dietary intake would be expected to bias results toward the null, and we detected many significant correlations. Although the FFQ was extensive, we are limited in our ability to distinguish certain subtypes of foods that may be differentially associated with metabolites. Furthermore, we acknowledge that there are many ways to categorize dietary data. The categorization we used was primarily based on the USDA's MyPlate classification (14) ; we also considered subgroups based on proposed biological components of foods. The similarity in metabolites associated with dietary groups and their individual food components (data not shown) suggests that our conclusions are not dependent on the food group classification.
Our findings may not be generalizable because participants were largely white, and thus we may have missed correlations with foods specific to certain ethnic groups. The results we did observe, however, are highly generalizable, specific, and show strong associations. Any metabolomics study is inherently limited by the set of metabolites detected by a specific platform. We lacked information on absolute levels of serum metabolites because they were measured as peak intensities rather than as actual concentrations, which is a limitation. Last, variability in serum metabolites could be greatly influenced by the gut microbiota; for example, differences in metabolite levels may be attributable to differences in the gut microbiota rather than differences in dietary intake. The gut microbiota does change with age (41); however, it is thought to be relatively stable after early childhood (42) . Although we were unable to assess the gut microbiome directly within this sample, there were no differences in the main findings by age.
In conclusion, the large number of correlations between selfreported diet and serum metabolites confirms that metabolomics can be applied to epidemiologic studies for identification of novel dietary biomarkers. There is a need for specific, reliable biomarkers that accurately reflect dietary intake and that can be applied to many populations. We emphasize, however, that although we appear to have uncovered objective biomarkers of diet, it should not yet be assumed that these biomarkers outperform self-report as a measure of usual dietary intake. Ultimately, whether a biomarker is a good measure of usual diet depends on the frequency of consumption of the food or nutrient, as well as the half-life of the metabolite. In addition, the identification of serologic metabolites not only reflects dietary intake but also metabolic processes, including the effects of genetic variation and the gut microbiota. Nevertheless, our metabolomic approach for identifying potential dietary biomarkers showed viable biomarkers for further investigation in feeding studies.
